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Economics

Alan Greenspan (September 18, 2007):

“I’ve been dealing with these big
mathematical models of forecasting the
economy ...

If I could figure out a way to determine
whether or not people are more fearful
or changing to more euphoric,

I don’t need any of this other stuff.

I could forecast the economy better than
any way I know.”

http://wikipedia.org

http://wikipedia.org
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Economics

Greenspan continues:

“The trouble is that we can’t figure that out. I’ve been in
the forecasting business for 50 years. I’m no better than I
ever was, and nobody else is. Forecasting 50 years
ago was as good or as bad as it is today. And the reason
is that human nature hasn’t changed. We can’t improve
ourselves.”

Jon Stewart:

“You just bummed the @*!# out of me.”

wildbluffmedia.com

I From the Daily Show (�) (September 18, 2007)

wildbluffmedia.com
http://www.thedailyshow.com
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Lets make a list of "words"

Supporting Information for [20]). Tabs. 12, 13, and 14
respectively give the top 50 words according to positivity,
negativity, and standard deviation of happiness scores.

Results and Discussion

In Fig. 1, we show distributions of average word happiness havg

for our four corpora. We first discuss the overall distributions, i.e.,
those corresponding to the most frequent 5000 words combined in
each corpus (black curves), and then examine the robustness of
their forms with respect to frequency range. The distributions as

shown were formed using 35 equal-sized bins; the number of bins
does not change the visual form of the distributions appreciably,
and an odd number ensures that the neutral score of 5 is a bin
center. We employed binning only for visual display, using the raw
data for all statistical analysis.

We see each distribution is unimodal and strongly positively
skewed, with a clear abundance of positive words (havgw5,
yellow shade) over negative ones (havgv5, gray shade). In order,
the percentages of positive words are 72.00% (TW), 78.80%
(GB), 78.38% (NYT), and 64.14% (ML). Equivalently, and as
further supported by Fig. 1’s upper inset plots of percentile

Table 1. Details of the four corpora we examined for positivity bias.

Corpus (Abbreviation): Date range # Words # Texts Reference

Twitter (TW) 9/9/2008 to 3/3/2010 9.07|109 8.21|108 tweets [20,31]

Google Books Project, English (GB) 1520 to 2008 3.61|1011 3.29|106 books [32,33]

The New York Times (NYT) 1/1/1987 to 6/30/2007 1.02|109 1.8|106 articles [34]

Music lyrics (ML) 1960 to 2007 5.86|107 2.95|105 songs [21]

doi:10.1371/journal.pone.0029484.t001

Figure 1. Positivity bias in the English language: normalized frequency distributions (solid black curves) of happiness scores for the
5000 most frequently used words in four corpora. Average happiness ratings for 10,222 words were obtained using Mechanical Turk with 50
evaluations per word for a total of 501,110 human evaluations (see main text). The yellow shade indicates words with average happiness scores
above the neutral value of 5, gray those below. The symbols show normalized frequency distributions for words with given usage frequency ranks
(see legend) suggesting a rough internal scale-free consistency of positivity Upper inset plots show percentile locations and the lower inset plots
show the number of words found when cumulating toward the positive and negative sides of the neutral score of 5.
doi:10.1371/journal.pone.0029484.g001

Positivity of the English Language

PLoS ONE | www.plosone.org 2 January 2012 | Volume 7 | Issue 1 | e29484
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FIG. 2: Example words for the New York Times as a function of average happiness havg and usage frequency rank r. Words
are centered at their values of havg and r, and angles and colors are only used for the purpose of readability. Each word is
a representative of the set of words found in a rectangle of size 0.5 by 375 in havg and r, with all 5000 words located in the
background by light gray points. The collapsed havg distribution at the top matches that shown in Fig. 1.

Corpus ↵ � ⇢s p-value
Twitter -7.78⇥10�5 5.67 -0.103 2.3⇥10�13

Books -3.04⇥10�5 5.62 -0.013 3.5⇥10�1

New York Times -4.17⇥10�5 5.61 -0.0437 2.0⇥10�3

Music Lyrics: -6.12⇥10�5 5.45 -0.0808 1.0⇥10�8

TABLE II: Linear fit coe�cients, Spearman correlation coef-
ficients, and p-values for average word happiness havg as a
function of usage frequency rank r. Fit is havg = ↵r + �.

usage frequency. In Fig. 3, we show how deciles behave as

a function of usage frequency rank. Using a sliding win-
dow containing 500 words, we compute deciles moving
down the usage frequency rank axis. Using these ‘jellyfish
plots’, we see that apart from the lowest decile (which is
universally uneven), GB and NYT are very stable while
a slight negative trend is perceptible for TW and ML.
We can now with some confidence state that the mea-
sured, edited writing of the New York Times and the
Google Books corpus possess a remarkable scale invari-
ance in emotion with respect to word usage frequency.
The emotional content of words on Twitter and in music
lyrics, while still roughly similar across usage frequency
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2

Corpus (Abbreviation): Date range # Words # Texts Reference

Twitter (TW) 9/9/2008 to 3/3/2010 9.07×109 8.21×108 tweets [19, 20]
Google Books Project, English (GB) 1520 to 2008 3.61×1011 3.29×106 books [21, 22]
The New York Times (NYT) 1/1/1987 to 6/30/2007 1.02×109 1.8×106 articles [23]
Music lyrics (ML) 1960 to 2007 5.86×107 2.95×105 songs [24]

TABLE I: Details of the four corpora we examined for positivity bias.
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FIG. 1: Positivity bias in the English language: Normalized frequency distribution (solid black curves) of happiness scores
for the 5000 most frequently used words in four corpora. Average happiness ratings for 10,222 words were obtained using
Mechanical Turk with 50 evaluations per word for a total of 501,110 human evaluations (see main text). The yellow shade
indicates words with average happiness scores above the neutral value of 5, gray those below. The symbols show normalized
frequency distributions for subset word usage frequency ranges (see legend) demonstrating an internal scale-free consistency
of positivity (see Fig. 2 for results of Kolmogorov-Smirnov tests). Upper inset plots show percentile locations and the lower
inset plots show the number of words found when cumulating toward the positive and negative sides of the neutral score of 5.
The distributions as shown were formed using 35 equal-sized bins; the number of bins does not change the visual form of the
distributions appreciably, and an odd number ensures that the neutral score of 5 is a bin center. We employed binning only
for visual display, using the raw data for all statistical analysis.
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FIG. 2: Demonstration of robustness of a family of happiness measurements, and reasoning for choice of a specific metric. To
measure the happiness of a given text, we first compute frequencies of all words; we then create an overall happiness score,
Eq. (1), as a weighted average of subsets of 10,222 individual word happiness assessments on a 1 to 9 scale, obtained through
Mechanical Turk (see main text and methods, Sec. IX). In varying word sets by excluding stop words [54], we can systematically
explore families of happiness metrics. In plot A, we show time series of average happiness for Twitter, binned by day, produced
by different metrics. Each time series is generated by omitting words with 5 −∆havg < havg < 5 −∆havg as indicated in plot
B, which shows the overall distribution of average happiness of individual words. For ∆havg = 0 we use all words; as ∆havg

increases, we progressively remove words centered around the neutral evaluation of 5. Plot C provides a test for robustness
through a pairwise comparison of all time series using Pearson’s correlation coefficient. For 0.5 ≤ ∆havg ≤ 2.5, the time series
show very strong mutual agreement. We choose ∆havg = 1 (black curve in A and F, shown in B, white symbols in C, D,
and E) for the present paper because of its excellent correlation in output with that of a wide range of ∆havg, and for reasons
concerning the following trade-offs. In A, we see that as the number of stop words increases, so does the variability of the time
series, suggesting an improvement in instrument sensitivity. However, at the same time, we lose coverage of texts. Plot D first
shows how the number of individual words for which we have evaluations decreases as ∆havg increases. For ∆havg = 1, we
have 3,686 individual words down from 10,222. Plot E next shows the percentage of the Twitter data set covered by each word
list, accounting for word frequency; for ∆havg = 1, our metric uses 22.7% of all words. Lastly, in plot F (which uses plot A’s
legend), we show how coverage of words decreases with word rank. When ∆havg = 0, we incorporate all low rank words, with
a decline beginning at rank 5000. For ∆havg > 0, we see similar patterns with the maximum coverage declining; for ∆havg = 1,
we see a maximum coverage of approximately 50%.

Fig. 2F shows how our coverage of words in the Twitter
corpus decays as a function of frequency rank r. For
∆havg = 0, our coverage is complete out to r = 5000
where we begin to miss words. The same basic curve is
apparent for ∆havg > 0, with a clear initial dip due to
the exclusion of common neutral words. For ∆havg = 1,
we cover between 40 to 50% for r ≤ 5000.

As a final testament to the quality of our hedonome-
ter, we note that in an earlier version of the present

paper [56], and prior to completing our word evaluation
survey using Mechanical Turk, we used the ANEW study
word list in all our analyses; the interested reader will
be able to make many direct comparisons of figures and
tables. Broadly speaking, we find the same trends with
our improved word set, again speaking to the robustness
of our instrument and indeed the English language. In
the manner of a true measuring instrument, we obtain
much greater resolution and fidelity with the Mechanical



Hedonometer

Measuring
Happiness
Motivation

The Hedonometer

The Measurements: Lyrics

The Measurements: Blogs

The Measurements: Twitter

Frame 16/50

Unhappiness:

Some obvious problems/issues:

I Partial coverage of all words.

I Context is ignored.
I Word evaluations distributed in space, time.

Clearly:

I Only suitable for large-scale texts.



Hedonometer

Measuring
Happiness
Motivation

The Hedonometer

The Measurements: Lyrics

The Measurements: Blogs

The Measurements: Twitter

Frame 16/50

Unhappiness:

Some obvious problems/issues:

I Partial coverage of all words.
I Context is ignored.

I Word evaluations distributed in space, time.

Clearly:

I Only suitable for large-scale texts.



Hedonometer

Measuring
Happiness
Motivation

The Hedonometer

The Measurements: Lyrics

The Measurements: Blogs

The Measurements: Twitter

Frame 16/50

Unhappiness:

Some obvious problems/issues:

I Partial coverage of all words.
I Context is ignored.
I Word evaluations distributed in space, time.

Clearly:

I Only suitable for large-scale texts.



Hedonometer

Measuring
Happiness
Motivation

The Hedonometer

The Measurements: Lyrics

The Measurements: Blogs

The Measurements: Twitter

Frame 16/50

Unhappiness:

Some obvious problems/issues:

I Partial coverage of all words.
I Context is ignored.
I Word evaluations distributed in space, time.

Clearly:

I Only suitable for large-scale texts.



Hedonometer

Measuring
Happiness
Motivation

The Hedonometer

The Measurements: Lyrics

The Measurements: Blogs

The Measurements: Twitter

Frame 17/50

Total words in our study:

Song lyrics Song titles
Individuals ∼ 20,000 ∼ 632,000

Songs ∼ 100,000 ∼ 2,000,000
Total words 58,610,849 60,867,223

Weblogs Tweets
Individuals ∼ 2,148,000 ∼150 million
Sentences ∼ 10,000,000 ∼ 20 billion
Total words 148,231,294 ∼ 200 billion
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Top 16 of ' 20,000 artists:
Rank Artist Valence
1 All-4-One 7.15
2 Luther Vandross 7.12
3 S Club 7 7.05
4 K Ci & JoJo 7.04
5 Perry Como 7.04
6 Diana Ross & The Supremes 7.03
7 Buddy Holly 7.02
8 Faith Evans 7.01
9 The Beach Boys 7.01
10 Jon B 6.98
11 Dru Hill 6.96
12 Earth Wind & Fire 6.95
13 Ashanti 6.95
14 Otis Redding 6.93
15 Faith Hill 6.93
16 NSync 6.93

(criterion: ≥ 50 songs and ≥ 1000 ANEW words)
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Bottom 16 of ' 20,000 artists:
Rank Artist Valence
1 Slayer 4.80
2 Misfits 4.88
3 Staind 4.93
4 Slipknot 4.98
5 Darkthrone 4.98
6 Death 5.02
7 Black Label Society 5.05
8 Pig 5.08
9 Voivod 5.14
10 Fear Factory 5.15
11 Iced Earth 5.16
12 Simple Plan 5.16
13 Machine Head 5.17
14 Metallica 5.19
15 Dimmu Borgir 5.20
16 Mudvayne 5.21

(criterion: ≥ 50 songs and ≥ 1000 ANEW words)
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starving (0.06)
chicken (0.35)
hungry (0.42)
eat (0.98)
food (1.00)

FIG. 1: � Add happiness evaluations of words Daily trends
for example sets of commonplace words appearing in tweets.
For purposes of comparison, each curve is normalized so that
the count fraction represents the fraction of times a word is
mentioned in a given hour relative to a day. The numbers in
parentheses indicate the relative overall abundance normal-
ized for each set of words by the most common word. Data for
these plots is drawn from approximately 26.5 billion words col-
lected from May 21, 2009 to December 31, 2010 inclusive, with
the time of day adjusted to local time by Twitter from the for-
mer date onwards. The words ‘food’ and ‘dinner’ appeared
a total of 2,994,745 (0.011%) and 4,486,379 (0.016%) times
respectively.

same overall form

� Boundary at 1.5 to 1.6 due to no: 1: me 6.58 2: no
3.48 3: world 6.52 4: right 6.54 5: can’t 3.42 6: morning
6.56 7: give 6.54 8: done 6.54 9: ready 6.58 10: read 6.52

� Boundary at 1.6 to 1.7 due to no: 1: well 6.68 2: never
3.34 3: tired 3.34 4: power 6.68 5: care 6.64 6: high 6.64
7: art 6.60 8: alone 3.32 9: hungry 3.38 10: cat 6.64

� Boundary at 2.6 to 2.7 due to hate and sad: 1: hate
2.34 2: haha 7.64 3: friend 7.66 4: awesome 7.60 5: sad
2.38 6: amazing 7.66 7: super 7.68 8: mom 7.64 9: sweet
7.64 10: holiday 7.68

� refer to supplementary material when talking about

ANEW
In essence, we use a simple, fast method for mea-

suring the happiness of texts which hinges on two key
components [20]: (1) human evaluations of the happi-
ness of a set of individual words, and (2) a naive algo-
rithm for scaling up from individual words to texts. As
we describe in detail below, we substantially improve
here on the method introduced by two of the present
authors in [20] by incorporating a tenfold larger word set
for which we have obtained happiness evaluations using
Mechanical Turk [? ], and furthermore demonstrating a
surprising level of instrument robustness. For the algo-
rithm, which is unchanged, we first use a straightforward
pattern-matching script to extract the frequency of indi-
vidual words in a given text T . We then compute the
weighted average level of happiness for the text as

havg(T ) =

�N
i=1 havg(wi)fi�N

i=1 fi

=

N�

i=1

havg(wi)pi, (1)

where fi is the frequency of the ith of N distinct words
wi for which we have an estimate of average happiness,

havg(wi), and pi = fi/
�N

j=1 fj is the corresponding nor-
malized frequency.
� rework following paragraphs As for the happiness of
individual words, we capitalize on results from the 1999
Affective Norms for English Words (ANEW) study by
Bradley and Lang [21]. In the ANEW study, partici-
pants were presented with isolated individual words and
asked to grade them on an unhappy-happy integer scale
ranging from 1 to 9 (levels of excitement and domi-
nance were also surveyed). Participants were informed
that a score of 9 should correspond to them feeling
completely “happy, pleased, satisfied, contented, hope-
ful,” and to record a lowest score of 1 if they felt
“completely unhappy, annoyed, unsatisfied, melancholic,
despaired, or bored.” The ANEW study comprised 1034
words which were broadly chosen for their emotional
and meaningful import. We use the average happi-
ness scores as reported for each word by Bradley and
Lang. The average happiness of words were distribut-
ed across the 1–9 range, with some illustrative examples
being � Fix these: havg(love) = 8.72, havg(food) = 7.65,
havg(reunion) = 6.48, havg(truck) = 5.47, havg(vanity) =
4.30, havg(greed) = 3.51, havg(hate) = 2.12, and
havg(funeral) = 1.39. As this short list indicates, the
evaluations are sensible with neutral words averaging
around 5 [e.g., havg(barrel) = 5.05, havg(chair) = 5.08].

We find that our measure typically places average hap-
piness for texts between 5 and 7. In the ANEW study,
the unhappy-happy scale was reported as psychological
valence, or simply valence, a standard terminology [36]
which we followed in our first work; here we use the more
straightforward nomenclature of ‘happiness.’
� Add paragraphs explaining and defending new mea-
sure, using new Figure
� rework We address several key aspects and limita-
tions of our measurement. First, as with any sentiment
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Twitter—City Demographics

What can we learn about cities from words people use?
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Twitter—City Demographics
“Skinny” words:

brunch
banana

bar
barista

delicious
dinner
co↵ee

espresso
booze
wines

cocktails
mimosa

chef
tofu

panini
latte
vegan
bento

“Obese” Words:

mcdonalds
eat

hungry
wings
salty
ham

spaghetti
ihop

noodles
ketchup

fat
cook
sprite
cookin

heartburn
miller

kool-aid
pickles
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Twitter—Cities

6.12 6.13 6.14 6.15 6.16 6.17 6.18 6.19 6.2

Asheville, NC

Amarillo, TX

Porterville, CA

Boulder, CO

Nashua, NH−−MA

Lafayette, CO

Logan, UT

Gilroy, CA

Davis, CA

Santa Rosa, CA

San Clemente, CA

Simi Valley, CA

Longmont, CO

Idaho Falls, ID

Napa, CA

havg

5.88 5.89 5.9 5.91 5.92 5.93

Port Arthur, TX

Waterbury, CT

Montgomery, AL

Dalton, GA

Houma, LA

Alexandria, LA

Texarkana, TX

Lima, OH

Texas City, TX

Rapid City, SD

Flint, MI

Albany, GA

Shreveport, LA

Monroe, LA

Beaumont, TX

havg

Happiest Cities

Saddest Cities
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Figure 6: Scatter plot showing correlation between
havg and obesity level, as taken from the 2011 Gallup
and Healthways survey. The red line is the straight
line of best fit to the data, while the ⇢ value is the
Spearman correlation coe�cient for the data.

spectively. Note that we are including stop words for
which 4 < w < 6 in these lists. Surprisingly, many
of the words which negatively correlate with obesity
are alcoholic drinks - ‘cocktail’ and ‘cocktails’, ‘mi-
mosa’, ‘wines’ and ‘mojitos’ are all amongst the top
25 words. Co↵ee-related words such as ‘barista’, ‘cof-
fee’, ‘espresso’ and ‘ca↵eine’ also feature prominently,
and many of the foods listed refer to restaurant-style
dishes - ‘sushi’, ‘gnocchi’, ‘clams’ and ‘bento’. As
we expect such words to correlate with wealth this
suggests a correlation between obesity and poverty, a
claim which we note remains contentious in the med-
ical literature (for example, supported in [12, 11], re-
futed in [5]).

On the other hand, of the only 19 food-related
words that significantly positively correlate with obe-
sity with p-values less than 0.05 (note again the asym-
metry in the number of words which positively and
negatively correlate with obesity) contain a number
of junk and fast food brands - ‘mcdonalds’, ‘ihop’,
‘sprite’, ‘kool-aid’ and ‘miller’ appear, as well as sim-
pler foods like ‘wings’, ‘ham’, ‘spaghetti’, ‘noodles’
and ‘ketchup’. Interestingly, and unlike in the low-
obesity word table 3 we find that the words ‘hungry’
and ‘starving’ describing hunger feature prominently
on the list.

The above analysis demonstrates that di↵erent
cities have unique characteristics. We now ask

Word havg ⇢ p-value
brunch 6.32 -0.41 6.37431e-09

bar 5.82 -0.35 5.54374e-07
banana 6.86 -0.35 5.67492e-07
barista 0.00 -0.35 7.29324e-07

delicious 7.92 -0.34 1.09807e-06
dinner 7.40 -0.34 1.35413e-06
co↵ee 7.18 -0.34 2.04145e-06

espresso 0.00 -0.33 4.45903e-06
cocktails 0.00 -0.32 4.96518e-06
booze 0.00 -0.32 6.38461e-06

mimosa 0.00 -0.31 1.24472e-05
spiced 0.00 -0.31 1.52074e-05
veggie 0.00 -0.31 1.60439e-05
sushi 5.40 -0.31 1.71997e-05
wines 6.28 -0.31 1.7432e-05
tofu 0.00 -0.31 1.86278e-05

panini 0.00 -0.31 1.86719e-05
gnocchi 0.00 -0.30 2.51419e-05
clams 0.00 -0.30 2.52124e-05

ca↵eine 5.80 -0.30 2.6263e-05
cocktail 0.00 -0.30 2.63227e-05
bento 0.00 -0.30 2.6349e-05
huevos 0.00 -0.30 3.19903e-05
mojitos 0.00 -0.30 3.52542e-05
vegan 4.82 -0.30 3.5502e-05

Table 3: Top 25 food-related words only with
strongest negative correlation to obesity level. Note
the relatively large p-values compared to tables 1 and
2.

whether cities can be sorted into groups solely based
upon similarities in their word distributions. Similar
e↵orts have been made by Bettencourt et al. [4] for
cities, using data on economy, crime and innovation.
Here we use a similar methodology except with word
frequency data to uncover so-called ‘kindred’ cities.

For each city we create the normalised word fre-
quency distribution f̂(i) = fi/n, where n is the total
number of tweets collected for that city. The sumPN

i fi/n therefore represents the average number of
LabMT words per tweet, the mean of which is approx-
imately 7.1. In figure 7 we show the average tweet
length for the US cities for which we have collected
more than 50000 words throughout 2011. Average
tweet lengths range from 6.1 LabMT words per tweet
for Orlando, Florida up to 7.8 words in Seattle, Wash-
ington.

In order to group cities we measure the di↵erences

7
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Figure 10: Spearman correlations for 432 demographic attributes with happiness. The 8 groupings along the
horizontal axis are for covarying attributes identified by agglomerative hierarchical clustering, independently
of happiness. Crosses lie on the median of each cluster, and the dashed lines represent the 1% significance
level. The two clusters which have medians that correlate significantly with happiness are colored blue. A
complete list of the correlation of all attributes with happiness can be found in Appendix B.

high education, respectively.

The technique applied here is not limited to only
the traditional types of data collected through the
census. As an example of a di↵erent use of use of
the data set, we correlate word use to obesity at the
metropolitan level. For this study we take obesity
levels from the Gallup and Healthways 2011 survey
[31], and metropolitan areas as defined by the U.S.
O�ce of Management and Budget’s definitions for
Metropolitan Statistical Areas (MSAs) [29]. We re-
mark that the MSAs are generally two to three times
larger in area than the TIGER urban area census
boundaries, and the Gallup obesity survey was only
for the 190 largest-population areas. The obesity
data set contains fewer small cities than the TIGER

census set, particularly in the midwest. We collected
more than 10 million tweets from these 190 MSAs,
corresponding to just over 80 million words during
2011.

Performing the same analysis as for the attributes
in figure 10, in figure 12 we show the relationship
between happiness and obesity for the 190 MSAs in-
cluded in the Gallup survey. We find that happi-
ness generally decreases as obesity increases, with
the third happiest city in this set (Boulder, CO)
corresponding with the lowest obesity rate (12.1%)
and the saddest city (Beaumont, TX, as found pre-
viously) corresponding with the fifth highest obesity
rate (33.8%). We calculate a Spearman correlation
coe�cient of ⇢ = �0.426 with p-value 1.26⇥ 10�9 for

10
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Figure 1: Choropleth showing average word happiness for geotagged tweets in all US states collected during
the calendar year 2011. The happiest 5 states, in order, are: Hawaii, Utah, Idaho, Maine and Washington.
The saddest 5 states, in order, are: Louisiana, Mississippi, Maryland, Michigan and Delaware.

age word happiness havg for the 15 happiest and 15
saddest cities in the contiguous United States, respec-
tively. Using this method we identify Napa, Califor-
nia as the happiest city in the US with a score of 6.26,
and Beaumont, Texas as the saddest city with a score
of 5.83.

Perhaps surprisingly, several cities that ranked
both highly and lowly by our measure rank similarly
in more traditional survey based e↵orts. For exam-
ple, a Gallup-Healthways well-being survey for 2011
[16] showed Boulder, Colorado as the city with the
fifth highest well-being index composite score (and
twelfth highest happiness score in our list), while
Flint, Michigan had the second lowest and Mont-
gomery, Alabama the 21st-lowest well-being index
(compared to 8th lowest and 14th lowest happiness

scores on our list). The overall Spearman correlation
between the rankings using Gallup’s well-being in-
dex and with our measure is ⇢ = 0.328, with p-value
7.73 ⇥ 10�6 (a scatter plot is presented in Appendix
B). Whereas our list uses only word frequencies in
the calculation of havg, the Gallup-Healthways score
is an average of six indices which measure life evalu-
ation, emotional health, work environment, physical
health, healthy behaviors, and access to basic neces-
sities. We remark that our method is (a) far more
e�cient to implement than a survey-based approach,
and (b) provides a near real-time stream of informa-
tion quantifying well-being in cities.

To investigate why the average word happiness
varies across urban areas, we study the word shift
graphs [7, 8] for each city. These graphs show how
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FIG. 9: Simpson lexical size as a function of day of the week.
We compute NS for individual dates Fig. 3B, again excluding
dates shown in Fig. 3A, and then average these values. (See
also Fig. S3 for the e↵ects of alternate approaches.)

mation. The gray squares indicate the word base for
Tuesdays and Saturdays are of comparable size. From
the bottom left line graph, we see again that around 1000
words account for the shift in average happiness between
Tuesday and Saturday, and that the first 50 words make
up approximately 60% of the shift.

The bottom right inset shows that the overall positive
shift from Tuesdays to Saturdays is due to the more fre-
quent use of positive words (+"), and to a lesser extent,
the less frequent use of negative words (�#). On the oth-
er side of the ledger, we see a smaller total contribution
of words going against the trend of happier Saturdays,
noting that the increased use of certain negative words
(�") is slightly more appreciable in impact than the less
frequent use of positive words (+#).

C. Information Content

The average Simpson lexical size hNSi (Fig. 9) shows a
pattern di↵erent to that of average happiness: we observe
that a strong maximum appears on Friday with a drop
through the weekend to a distinct low on Sunday. During
the work week, Tuesday presents a minor low, with a
climb up to Friday’s high. This pattern remains the same
if we choose di↵erent averaging schemes in generating a
composite Simpson lexical size (see also Fig. S3).

To see further into these changes between days, we
can generate word shift graphs for Simpson lexical size
NS. These word shift graphs (not shown) are simpler
than those for average happiness as they depend only on
changes in word frequency. Using the definition NS =

1/S = 1/
PN

i=1 p2
i , we obtain

N
(comp)
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S =
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We next define the individual percentage contribution in
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FIG. 10: Average happiness level according to hour of the
day, adjusted for local time. As for days of the week in
Fig. 5, each data point represents an average of averages
across days. The plot remains essentially unchanged if out-
lier dates marked in Fig. 3A are excluded. The maximum
relative di↵erence between the two plots is 0.08%. The daily
pattern of happiness in tweets shows more variation than we
observed for the weekly cycle (Fig. 5), here ranging from a low
of havg ' 6.02 between 10 and 11 pm to a high of havg ' 6.12
between 5 and 6 am.

the shift in Simpson lexical size as
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(5)
where

P
i �NS,i = ±100 depending on the sign of S(ref)�

S(comp). Note that the reversal of the reference and com-
parison elements in Eq. (5) reflects the fact that any one
word increasing in frequency decreases overall diversity.
Further, no other diversity measure (q 6= 2) allows for
a linear superposition of contributions such as we find
in Eq. (5), one of the reasons we provided earlier for
choosing a lexical size based on Simpson’s concentration.

Using Eq. (5), we find Friday’s larger value of NS rel-
ative to Sunday’s can be attributed primarily to changes
in the frequency of around 100 words. Most of these
words are those typically found at the start of a Zipf
ranking of a text, though their ordering is of interest. A
few words contributing the most to the shift are ‘I’, ‘RT’,
‘you’, ‘me’, and ‘my’. Decreases in the relative usage
frequencies of personal pronouns may suggest a shift in
focus away from the self and toward the less predictable,
richer fare of Friday activities. Words specific to Friday
naturally appear more frequently than on Sunday serving
to reduce Friday’s Simpson lexical size. Some examples
include ‘#↵’, ‘follow’, ‘Friday’, ‘weekend’, and ‘tonight’
(#↵ is an example of a hash tag, in this case representing
a popular Friday custom of Twitter users recommending
other users worth following).
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FIG. 11: Normalized distributions of five example common
expletives as a function of hour of the day.

VI. DAILY CYCLE

A. Average Happiness of Hours of the Day

We next examine how average happiness levels change
throughout the day at the resolution of an hour. As
shown in Fig. 10, the happiest hour of the day is 5 to
6 am, after which we see a steep decline until midday
followed by a more gradual descent to the on-average
low of 10 to 11 pm, and then a return to the daily peak
through the night. An afternoon low is consistent with
self-reported moods; Stone et al., in particular, observe
a happiness dip in the afternoon [71], though here we
see negativity decreasing well into the night. Our results
are in contrast to some previous observations regarding
blogs and Facebook [32, 44]; for example, Mihalcea and
Liu [44] found a low occurring in the middle of the day
(part of their analysis involved the ANEW study word
list). The period 5–6 am marks ‘biological midnight’
when, for example, body temperature is typically low-
est (see also [35]). People after this point in time are
more likely to be rising for the day rather than extend-
ing the previous one, leading to a change in the kinds of
mental states represented by active users.

We also find that usage rates of the most common
profanities are remarkably similar and are roughly anti-
correlated with the observed happiness cycle. Fig. 11
shows the normalized frequencies for five example pro-
fanities. Cursing follows a sawtooth pattern with a max-
imum occurring around 1 am, and the lowest relative
usage of profanities matching up with the daily early
morning happiness peak between 5 and 6 am. These
patterns suggest a gradual, on-average, daily unraveling
of the human mind.

B. Word Shift Analysis

To give a deeper sense of the underlying moods reflect-
ed in the low and high of the day, we explore the word
shift graph in Fig. 12, comparing tweets made in the
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FIG. 12: Word shift graph comparing the happiest hour (5
am to 6 am) relative to the least happy hour (10 pm to 11
pm). Days given equal weighting with outlier dates removed.
(See Fig. S6 in Supplementary Information for word shifts
based on alternate distributions.)

hours of 5 to 6 am and 10 to 11 pm. For comparison,
Fig. S6 in Supplementary Information shows word shift
graphs under three averaging schemes.

The balance plot (bottom right inset) shows that 5 to
6 am is happier because of an overall preponderance of
less abundant negative words and more abundant pos-
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Twitter—Happiness and Movement

the different precision of locations along with a difference
in continuity in our data sets. González et al. determined
a cellphone user’s location by which cellphone tower they
were in range of. Also, González et al. were able to con-
tinuously monitor change in cellphone tower reception
as cellphone users move around because cellphones have

reception even when they are not actively being used. On
the other hand, we only received tweets when users per-
formed the act of tweeting, thus González et al. received
a more continuous reflection of a user’s trajectory, while
we received higher precision locations.
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Figure 2. Users are grouped into equally sized groups by their radius of gyration. We then plot the average radius of gyration
versus the average word valence of each group. The observed trend persists through variation in binning and different measures of
mobility. We provide two example user trajectories.
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Twitter—Happiness and Sphere of Influence
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3.3. Testing assortativity against a null model

To further examine these findings, we create a null model
which maintains the network topology (i.e., adjacency matri-
ces for one link, two link, and three link remain intact), but
randomly permutes the happiness scores associated with each
node. The Spearman correlation coe�cient shows no statis-
tically significant relationship for the null model applied to a
sample week of the data set. Figure 13 shows the results of
100 random permutations applied to nodes’ associated happi-
ness scores. The Spearman correlation coe�cients for the ob-
served data are shown as blue squares (�havg = 0) and green
diamonds (�havg = 1). The average and standard deviation of
the Spearman correlation coe�cient calculated for the 100 ran-
domized happiness scores (null model) are shown as red circles
with error bars (the error bars are smaller than the symbol). This
data supports the hypothesis that happiness is less assortative as
network distance increases.

Lastly, we explore whether these correlations are due to sim-
ilarity of word usage. For this analysis, we compute the simi-
larity of word bags for users connected in the reciprocal reply
networks. We compare the distribution of observed similarity
scores to similarity scores obtained by randomly reassigning
word bags to users. Figure A9 shows that both distributions
are of a similar form, with the randomized version exhibiting
a slightly lower mean similarity score (Di, j = .167) as com-
pared to the mean of the observed similarity scores for users
(Di, j = .267). If users were tweeting similar words with a sim-
ilar frequency, we would expect a much larger mean similarity
score for the observed data. Thus, we do not find evidence sug-
gesting that the happiness correlations are due to similarity of
word bags.

1 2 3
0

0.1

0.2

0.3

0.4

0.5

Links away

r s

 

 

Observed, Δ h=0
Observed, Δ h=1
Randomized

Figure 13: One hundred random permutations were applied to the happiness
scores associated with each node in a sample week network (week beginning
October 8, 2008 is shown), with �h = 0 (blue square) and �h = 0 (green dia-
monds). The threshold for all cases is set to ↵ = 50. The Spearman correlation
coe�cients, rs for the observed data are shown as blue squares. The average
and standard deviation of the Spearman correlation coe�cient calculated for
the 100 randomized data (null model) are shown as red circles with error bars
(the error bars are smaller than the symbol). The plot shows Spearman cor-
relation coe�cients for the null model to be nearly 0 and provides supporting
evidence for our observed trend, namely the network is assortative with respect
to happiness and the strength of assortativity decreases as path length increases.

4. Discussion

In this paper, we describe how a social sub-network of Twit-
ter can be derived from reciprocal-replies. Countering claims
that Twitter is not social a network [15], we provide evidence
of a very social Twitter. The large volume of replies (millions
every week) and assortativity of user happiness indicates that
Twitter is being used as a social service. Furthermore, con-
ducted at the level of weeks, our analysis examines an in the
moment social network, rather than the stale accumulation of
social ties over a longer period of time. A network in which
edges are created and never disintegrate results in dead links
with no contemporary functional activity. This problem of un-
friending has been noted [26] and can greatly impact conclu-
sions drawn when observational data are used to infer conta-
gion.

Our characterization of the reciprocal reply network reveals
several trends over the 25 week period from September 2008 to
February 2009. The number of nodes, N, in a given week net-
work increased as time progressed, which is undoubtedly due
to Twitter’s enormous growth in popularity over the study pe-
riod. Similarly, with an increasing number of nodes, we observe
a smaller proportion of closed triangles (i.e., clustering shows
a slight decrease). This may be due in part to sub-sampling
e↵ects or due to an increasing N, with which the number of
closed triangles (i.e., friends of friends) cannot keep up. The
proportion of nodes in the giant component remains fairly con-
stant, as does degree assortativity as measured by Spearman’s
correlation coe�cient. Had we used the Pearson correlation co-
e�cient, degree assortativity would have been highly variable
(Fig. A1) due to the extreme values of maximum degree (kmax)
during weeks 12-14 and 22. Using the Spearman rank corre-
lation coe�cient, which is less sensitive to extreme values, we
find that the degree assortativity is fairly constant.

Our work is based on a sub-sample of tweets and is thus
subject to the e↵ects of missing data. The problem of miss-
ing data has been addressed by several researchers investigat-
ing the impact of missing nodes [43–47], missing links, or both
[48]. More specifically, the work of Stumpf [43] shows that
sub-sampled scale-free networks are not necessarily themselves
scale-free. Further work which addresses the problem of miss-
ing messages and identifies the consequences of missing data
on inferred network topology is needed to more fully address
these questions.

We find support for the “happiness is assortative” hypothesis
and evidence that these correlations can be detected up to three
links away. Further, this finding does not appear to be based on
users tweeting similar words (Fig. A9). Our correlation coe�-
cients for reciprocal-reply networks constructed at the level of
weeks are smaller than those obtained by Bollen et al. [8] for a
reciprocal-follower network constructed by aggregating over a
six month period. This di↵erence is likely a reflection of di↵er-
ences in methodologies, such as our more dynamic time scale
(one-week periods vs. six month periods), our exclusion of cen-
tral value happiness scores (i.e., stop words), and our use of the
Spearman correlation coe�cient.

While this paper does not attempt to separate homophily and

9

Decay in happiness correlation.
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